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Background: Gamma synchronization (GS) may promote the processing between
functionally related cortico-subcortical neural populations. Our aim was to identify the
sources of GS and to analyze the direction of information flow in cerebral networks at
the beginning of phasic movements, and during medium-strength isometric contraction
of the hand.
Methods: We measured 64-channel electroencephalography in 11 healthy volunteers
(age: 25± 8 years; four females); surface electromyography detected the movements of
the dominant hand. In Task 1, subjects kept a constant medium-strength contraction of
the first dorsal interosseus muscle, and performed a superimposed repetitive voluntary
self-paced brisk squeeze of an object. In Task 2, brisk, and in Task 3, constant
contractions were performed. Time-frequency analysis of the EEG signal was performed
with the multitaper method. GS sources were identified in five frequency bands (30–
49, 51–75, 76–99, 101–125, and 126–149 Hz) with beamformer inverse solution
dynamic imaging of coherent sources. The direction of information flow was estimated
by renormalized partial directed coherence for each frequency band. The data-driven
surrogate test, and the time reversal technique were performed to identify significant
connections.
Results: In all tasks, we depicted the first three common sources for the studied
frequency bands that were as follows: contralateral primary sensorimotor cortex (S1M1),
dorsolateral prefrontal cortex (dPFC) and supplementary motor cortex (SMA). GS was
detected in narrower low- (∼30–60 Hz) and high-frequency bands (>51–60 Hz) in the
contralateral thalamus and ipsilateral cerebellum in all three tasks. The contralateral
posterior parietal cortex was activated only in Task 1. In every task, S1M1 had efferent
information flow to the SMA and the dPFC while dPFC had no detected afferent
connections to the network in the gamma range. Cortical-subcortical information flow
captured by the GS was dynamically variable in the narrower frequency bands for the
studied movements.
Frontiers in Human Neuroscience | www.frontiersin.org 1 April 2018 | Volume 12 | Article 130
fnhum-12-00130 April 5, 2018 Time: 16:37 # 2
Tamás et al. Connectivity Analysis of Gamma Synchronizations
Conclusion: A distinct cortical network was identified for GS in voluntary
hand movement tasks. Our study revealed that S1M1 modulated the activity of
interconnected cortical areas through GS, while subcortical structures modulated the
motor network dynamically, and specifically for the studied movement program.
Keywords: gamma synchronization, network, connectivity, directionality, hand movements
INTRODUCTION
Synchronized gamma oscillatory activity was associated with
neural coding (Gray, 1999). In the cortex, it is supposed to
originate from the interaction of excitation and inhibition in local
neural circuits (Buzsáki and Wang, 2012) to which inhibitory
interneurons may contribute the most (Suffczynski et al., 2014).
Gamma activity may promote information processing in task-
specific neuron networks (Buzsáki and Schomburg, 2015).
Gamma synchronization (GS) may reflect a prokinetic
state in the motor network (Lalo et al., 2008); its role
in the fine sensorimotor control was widely examined with
different modalities. Synchronization of the 30–100 Hz frequency
gamma range could be detected at the beginning and at the
end of a simple movement above the contralateral primary
sensorimotor cortex in several studies with electrocorticography
(ECoG) (Crone et al., 1998; Pfurtscheller et al., 2003; Ball
et al., 2008), electroencephalography (EEG) (Ball et al., 2008),
magnetoencephalography (MEG) (Waldert et al., 2008; Wilson
et al., 2010; Huo et al., 2011) and stereoelectroencephalography
(Szurhaj et al., 2006). A low (∼30–60 Hz) and high frequency
component (>50–60 Hz) of GS was distinguished (Crone et al.,
1998; Demandt et al., 2012) in the motor system. High frequency
GS is transient and generated during movement onset. Low
frequency GS lasts longer and follows the beginning of the
movement after 200–500 ms (Crone et al., 1998; Szurhaj et al.,
2003). Such gamma activity was also identified in the cortex,
which was coherent with the Piper rhythm, a low gamma
range electromyography (EMG) oscillation of submaximal and
maximal isometric muscle contractions (Conway et al., 1995;
Brown et al., 1998; Gross et al., 2005). The timing of GS, and its
absence during passive movement, supports its role in the latter
stage of the motor planning processes (Muthukumaraswamy,
2010). Although broad-band GS was also detected in earlier EEG
and ECoG studies in the motor system (Crone et al., 1998; Ball
et al., 2008), it appeared in separate narrow frequency bands in
several electrophysiological measurements (Pfurtscheller et al.,
2003; Cheyne et al., 2008; Darvas et al., 2010; Crone et al., 2011). It
is hypothesized that these separate gamma activities may belong
to different cortical modules (Pfurtscheller et al., 2003).
In the alpha/mu and beta frequency ranges, desynchronization
accompanies the gamma synchronization in the motor system.
Alpha and beta synchronization appears at the end of the
movement and may represent cortical inhibition (Pfurtscheller
and Lopes da Silva, 1999). Beta activity has denser networks
and is more engaged in the coordination of sensorimotor
information processing than the mu rhythm (Athanasiou et al.,
2016). Gamma oscillations are coordinated by the slower rhythms
locally or across anatomical regions (Buzsáki and Wang, 2012).
The frequency bands having dynamic cross-frequency coupling
are specific to particular brain regions (Canolty and Knight,
2010; Buzsáki and Wang, 2012). In the sensorimotor system, high
gamma (80–150 Hz) amplitude was coupled with the alpha phase
in hand movements (Yanagisawa et al., 2012).
In the present study, we measured the low and high frequency
GS related to the onset of phasic hand movements and a medium-
strength isometric contraction in healthy subjects with EEG. Our
aim was to analyze the sources of the narrow-frequency band GS
and the directionality of connections within the sub-networks in
three different hand movements.
During the source analysis, our primary goal is to estimate
the gamma activity at a source point while avoiding the crosstalk
from other regions so that their effect is as little as possible
on the estimate of the region of interest. Thus focusing at a
particular source point is known as beamforming. In this case
the source point is directed toward the field of reconstruction
of neuronal sources generating EEG and MEG data in order
to increases the sensitivity of signals coming from a region of
interest inside the brain (Van Drongelen et al., 1996; Van Veen
et al., 1997; Sekihara et al., 2001). These techniques are based on
spatial adaptive filters that allow the estimating of the amount of
activity at any given location in the brain. Beamforming comes in
different approaches depending on which domain the estimates
are performed in: the linearly constrained minimum variance
(LCMV) (Van Veen et al., 1997), and the synthetic-aperture
magnetometry (SAM) (Vrba and Robinson, 2001) that rely on
time-domain estimates, whereas dynamic imaging of coherent
sources (DICS) (Gross et al., 2001) relies on frequency-domain
estimates. The DICS algorithm has been used for many years
in motor research, both for MEG (Timmermann et al., 2003;
Schnitzler et al., 2006) and EEG signals (Muthuraman et al., 2014;
Pedrosa et al., 2017). There is now gaining interest in using it in
other fields, such as in epilepsy (Moeller et al., 2012; Elshoff et al.,
2013).
MATERIALS AND METHODS
In this study, 11 healthy subjects (age: 25 ± 8 years; four
females) were recruited. All gave written informed consent. The
study was approved by the Ethics Committee, Medical Faculty,
University of Kiel. The subjects were seated comfortably in an
armchair with their forearms supported, and their hands hanging
freely from the armrests. They kept their eyes open during all
tasks, while focusing on one point. In the first task (Task 1),
subjects kept a constant medium-strength contraction of the first
dorsal interosseous (FDI) muscle (holding a 1000 g weight); and
superimposed on this contraction they performed a repetitive
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voluntary self-paced brisk squeeze of the object (combined
movement) approximately every 10 s. In the second task (Task
2), the hands were supported, and the subjects executed only
the brisk contraction with complete rest in between. In the third
task (Task 3), only the medium-strength constant contraction
was performed (Figure 1). For detection of muscle activity, and
marking the beginning and the end of brisk voluntary movement,
a bipolar surface EMG electrode was placed above the FDI
muscle.
The average duration of the brisk movements in all subjects
was compared in the first and second tasks with the Wilcoxon
matched-pairs test. The average EMG activity of isometric
contractions in Tasks 1 and 3 were compared, as well as the
average EMG activity of brisk movements and average EMG
activity of isometric contractions measured in Task 1, with
Wilcoxon matched-pairs test. EMG results are published in
an earlier paper (Muthuraman et al., 2012c), and are briefly
summarized here in the results section.
EMG was recorded in parallel with a standard 64-channel EEG
recording system (Brain Products Co., Munich, Germany) using
a linked mastoid reference. A standard EEG cap was used with
electrodes positioned according to the extended 10–20 system.
EEG and EMG were band-pass filtered (EMG 30–200 Hz; EEG
0.05–300 Hz), and sampled at 1000 Hz. In addition, a notch filter
was used to filter out the 50, 100, and 150 Hz activity. Data
were stored in a computer and analyzed off-line. The EMG was
full-wave rectified (Muthuraman et al., 2010a).
The rectified EMG signal was used to identify the beginning
of the movements; we flagged the EMG and EEG signal at the
beginning of the movements with “on” markers. We created 8-
s-long EEG segments, 4s before and 4s after the “on” marker
position as the time 0. Ocular artifacts were controlled visually
at the F1, Fz, and F2 EEG channels. Segments with visible
artifacts were manually rejected. Trials were only selected when
the beginning of the movement could be clearly defined. In each
phasic task (Task 1 and 2), 35 ± 5 segments were utilized for
further analysis.
We have used the average reference scheme for our entire scalp
and source analyses (Nunez, 2010). The scalp time-frequency
FIGURE 1 | Representative figure for the three different tasks performed.
analyses were rechecked with the zero reference scheme. Its
principle is to take the reference of the scalp EEG to a point
at infinity, which is far from all the possible neural sources.
This method is called the reference electrode standardization
technique (REST) (Yao, 2001).
Time Frequency Analysis
The dynamics of signals in the time and frequency domains were
computed with the multitaper method (Mitra and Pesaran, 1999).
In this method the spectrum is estimated by multiplying the
data x(t) with K different windows (i.e., tapers). The complete
description of the method is explained elsewhere (Muthuraman
et al., 2010a). The time step was 50 ms with overlapping
windows of 1000 ms, providing an approximate time resolution
of 50 ms and an approximate frequency resolution of 1 Hz. After
calculating the absolute power spectra, we estimated the relative
event-related power changes for each 1 Hz wide frequency band;
the reference interval was chosen from−4 s to−3 s. We averaged
the relative data from 0 to 2.5 s in five frequency bands (30–49,
51–75, 76–99, 101–125, and 126–149 Hz) across subjects. In Task
3 (isometric contractions) we divided the absolute data set into
2.5 s segments that were used for further processing.
Source Analysis
The dynamic imaging of coherent sources (DICS) (Gross and
Ioannides, 1999; Gross et al., 2001) was used to identify the
sources responsible for the five fixed gamma frequency bands.
The EEG signal was average referenced before the source
analyses. The complete description of the methods is described
elsewhere (Muthuraman et al., 2012a; Michels et al., 2013). In
short, to locate the origin of a specific EEG activity seen on the
scalp, the forward and inverse problems need to be solved. The
forward problem is the computation of the scalp potentials for
a set of neural current sources. Estimating the so-called lead-field
matrix with specified models for the brain usually solves it. In this
study, the more complex five-concentric-spheres model was used
to create the volume conductor model with standard T1 magnetic
resonance images (Zhang, 1995). The open source software used
here was Fieldtrip (Oostenveld et al., 2011). The lead-field matrix
(LFM) needed to be calculated to map the current dipole in the
human brain to the voltages on the scalp. It was estimated using
the boundary-element method (BEM) (Fuchs et al., 2002).
The inverse problem is the quantitative estimation of the
properties of the neural current sources underlying the neural
activity. The power at any given location in the brain can
be computed using a linear transformation, which in this
case is the spatial filter (Van Veen et al., 1997). The linearly
constrained minimum variance (LMCV) spatial filter was used
in this study, which relates the underlying neural activity to the
electromagnetic field on the surface.
The source analysis was carried out based on the time lock
analysis within the time interval of the GS between 0 and 2.5 s
in Task 1 and Task 2. We analyzed each 2.5 s segment as a whole
in Task 3. We identified the source of the strongest power in the
frequency bands in the first run of the source analysis and then
considered this source as noise for the next run to identify further
sources. The individual maps of power were spatially normalized
Frontiers in Human Neuroscience | www.frontiersin.org 3 April 2018 | Volume 12 | Article 130
fnhum-12-00130 April 5, 2018 Time: 16:37 # 4
Tamás et al. Connectivity Analysis of Gamma Synchronizations
and interpolated on standard T1-weighted MRI scans with 1 mm
spacing in MNI space. In a further analysis, all initial power
estimates of the individual source voxels were combined to get
a pooled power estimate for each source separately. This can be
done by computing the individual second order spectra using a
weighting scheme and estimating the power to obtain the pooled
power spectra of all the significant individual voxels (Rosenberg
et al., 1989; Amjad et al., 1997). Later, the pooled source time
series were used for the connectivity analyses separately at each
of the five gamma frequency bands for all subjects. The source
analysis was carried out on an individual basis, and then followed
up by a grand average analysis for Figures 2–6. The whole
description of the forward solution for the five concentric sphere
models (Muthuraman et al., 2012b) and the boundary element
method (Muthuraman et al., 2010b). For the inverse solution the
spatial filter is described in our previous paper with derivations
(Muthuraman et al., 2008).
Connectivity Analysis
Renormalized partial directed coherence (RPDC) (Schelter et al.,
2009) is a technique performed in the frequency domain to detect
causal influences in multivariate stochastic systems and provides
information on the direction of information flow between the
source signals. The complete description of this method is
described elsewhere (Muthuraman et al., 2012a; Michels et al.,
2013). Briefly, the multivariate model was used to model the
source signals, which uses an autoregressive process to obtain
the coefficients of the signals in the desired frequency band
of interest. In order to obtain these coefficients, the optimal
model order for the corresponding signal needed to be chosen
by minimizing the Akaike Information Criterion (AIC) (Akaike,
1974; Ding et al., 2000). After estimating the RPDC values, the
significance level was calculated from the applied data using
a bootstrapping method (Kaminski et al., 2001). The open
source Matlab package autoregressive fit (ARFIT) (Neumaier
and Schneider, 2001; Schneider and Neumaier, 2001) was used
for estimating the autoregressive coefficients from the spatially
filtered source signals. We applied the time reversal technique
TRT (Haufe et al., 2013) as a second significance test on the
connections already identified by RPDC using the bootstrapping,
which is a data-driven surrogate significance test.
Statistical Analysis
The inter-individual differences in the source locations within
each task (n = 11, p < 0.05) were tested using a non-parametric
Kruskal–Wallis test. For this, we estimated the number of
activated voxels for the first three common sources in all the
frequency bands. Secondly, we took the MNI coordinates of
the first three common sources in all the frequency bands, and
estimated the Euclidean distance among the subjects using a
non-parametrical Kruskal–Wallis test. The statistical significance
of the sources (n = 11, p < 0.05) was tested by a within-
subject surrogate analysis. A Monte-Carlo test of 100 random
permutations was carried out and the p-values were calculated
for each permutation (Maris and Oostenveld, 2007; Maris et al.,
2007); the 99th percentile p-value was taken as the significance
level for each subject (Muthuraman et al., 2012a). The RPDC
values between the source signals were tested for significance
using the multifactorial ANOVA; the within-subject factors were
the interactions of the source signals the number of connections
and the between subject factors were the tasks (n = 3) and
the frequency bands (n = 5). The Bonferroni correction was
performed for all post hoc tests.
We analyzed whether the power of the source and the
connectivity values depend on movement complexity and gamma
band frequency in the cortical motor network. We performed
ANOVA for repeated measures, since sets of grouped data
had normal distribution according to the Kolmogorov–Smirnov
test. The following within-subject factors were determined for
the relative GS at the beginning of the movement in Task 1
and Task 2: task (Task 1 and Task 2), cortex (S1M1, SMA,
dPFC) and frequency (five ranges). Cortex and frequency within-
subject factors were analyzed for the absolute power values in
Task 1; and task, cortical connections and frequency within-
subject factors for the connectivity values measured in Task
1–3. We used the Bonferroni test for post hoc comparisons.
The level of significance was set to p < 0.05 for all statistical
analyses.
RESULTS
The average duration of the brisk contraction was longer in Task
1 (0.43 ± 0.06 s) than in Task 2 (0.4 ± 0.07s, p = 0.03). EMG
activity of the constant isometric contraction was higher in Task
1 than in Task 3 (346.1 ± 321.01 µV and 297.9 ± 287.84 µV,
respectively; p = 0.007). As expected, EMG activity increased
significantly during the brisk movements as compared to the
constant isometric contraction in Task 1 (p = 0.002). In Task
2, there was no EMG activity between the brisk movements
(Muthuraman et al., 2012c). In order to demonstrate the results
on the time frequency analyses from Task 1 (Figure 2 first two
rows) and Task 2 (Figure 2 last two rows) the grand average from
all the subjects for the five frequency bands are shown separately
(30–49, 51–75, 76–99, 101–125, 126–149 Hz) and time interval
(0–2.5 s) are shown in Figure 2, for two different reference
schemes, namely, common average and zero reference schemes
(Dong et al., 2017; Yao, 2017).
Source Analysis
The sources discussed below were all significant over all subjects,
in each task separately (Task 1: p = 0.004; Task 2: p = 0.003; Task 3:
p = 0.001). In Task 1 (constant isometric contractions combined
with brisk contractions), the network of sources involved the
contralateral S1M1, the dorsolateral prefrontal cortex (dPFC),
and the supplementary motor area (SMA) for all five frequency
bands, namely 30–49, 51–75, 76–99, 101–125, and 126–149 Hz.
Additionally, the contralateral posterior parietal cortex (PPC)
was activated in the low gamma frequency band (30–75 Hz).
Thalamus gamma activity could be detected in the 30–49 Hz and
the 101–125 Hz bands. GS appeared in the ipsilateral cerebellum
(C) in the 51–75 Hz and the 126–149 Hz frequency ranges
(Figure 3). We have reanalyzed the source data in Task 1 with
the REST reference scheme and show the results in Figure 4.
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FIGURE 2 | The topological plots of the grand average GS from all the subjects for the five frequency bands separately (30–49, 51–75, 76–99, 101–125, and
126–149 Hz) and time interval (0–2.5 s) are depicted. The first row shows the topological plots of the Task 1 for common average reference and the second row
shows the plots for the zero reference scheme. The third row shows the topological plots of the Task 2 for common average reference and the fourth row shows the
plots for the zero reference scheme. The color bar represents the relative power in the interval 0–2.5 s.
This reference scheme did not make any significant peak voxel
activation difference for the first source (p = 0.45) or relative
power difference (p = 0.67) to the results of the common average
scheme.
In Task 2 (brisk contractions), the network of sources involved
the contralateral S1M1, dPFC and SMA for all five frequency
bands. Except for the frequency band 126–149 Hz, all of the
other frequency bands had a contralateral thalamus source; the
frequency bands 30–49, 51–75, and 126–149 Hz had an ipsilateral
cerebellum source (Figure 5).
During the constant isometric contractions in Task 3, the
delimited network showed significant sources in the contralateral
S1M1, dPFC, SMA and the contralateral thalamus source for
all five frequency bands. Additionally, the frequency bands 51–
75 Hz, and 126–149 Hz had an ipsilateral cerebellum source
(Figure 6).
In the three involved cortical areas (S1M1, dPFC, SMA) source
power was larger in Task 1 than in Task 2 (Figure 7). Comparing
the cortical areas, source power was the largest in S1M1; it
was smaller in the SMA, and even smaller in the dPFC in all
three tasks (Figure 7). The results of the statistical analyses are
presented in Table 1.
The number of activated voxels in the three identified first
common three sources was not significantly different in the tasks
(p > 0.05), or in the five frequency bands (p > 0.05). The voxel
coordinates (x, y, z) with the maximum amplitude in the first
common three sources in all three tasks and the five frequency
bands were the same in 8 of 11 subjects in Task 1 (in the other
three subjects, the differences in the most active voxel coordinates
were: minx: 0, maxx: 3, interquartile range: 2; miny: 0, maxy: 3,
interquartile range: 2; minz : 0, maxz : 0). These coordinates were
the same in 7 of 11 subjects in Task 2 (the differences in the
four other subjects were: minx: 0, maxx: 3, interquartile range:
2; miny: 0, maxy: 6, interquartile range: 4; minz : 0, maxz : 0).
The coordinates were the same in 8 of 11 subjects in Task 3 (in
3 subjects, the differences in the most active voxel coordinates
were: minx: 0, maxx: 3, interquartile range: 2; miny: 0, maxy: 3,
interquartile range: 2; minz : 0, maxz : 0). There were no significant
inter-individual differences in the relative voxel coordinates of
the sources estimated for the five frequency bands in the three
tasks (p> 0.05).
Connectivity Analyses
In this section, we discuss only the significant connections
between the identified sources for the different gamma frequency
bands and specific tasks. The strength of connectivity between
S1M1 and dPFC and between S1M1 and SMA was the largest
in Task 3; it was smaller in Task 2 and even smaller in Task
1 (Figure 8). The TASK effects, and its post-hoc comparisons,
were all significant (Table 1). Connectivity was similar in
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FIGURE 3 | Sources of relative gamma synchronization at the beginning of the combined Task 1 and directionality of information flow within the network in the five
frequency bands. The color bar represents the relative power. The individual maps of power were spatially normalized and interpolated on standard T1-weighted MRI
scans with 1 mm spacing in MNI space. 1: primary sensorimotor cortex (S1M1); 2: dorsolateral prefrontal cortex (dPFC); 3: supplementary motor area (SMA); 4/5:
posterior parietal cortex (PPC)/thalamus (TH)/cerebellum (CER); RPDC, renormalized partial directed coherence.
the five frequency bands (FREQUENCY effect: p > 0.05;
Table 1).
In Task 1, the effective connectivity was significantly stronger
between S1M1 and SMA than between S1M1 and dPFC (Figure 8
and Table 1). The information flow was directed from S1M1 to
dPFC, and from S1M1 to SMA. Additionally, in the frequency
band 30–49 Hz, the information flow was from posterior parietal
to the SMA, and had bi-directional information flows with the
thalamus. The information flow was from thalamus to the S1M1,
and had bi-directional flow with the SMA in the 31–49 Hz
and 101–125 Hz bands. The frequency band 51–75 Hz showed
information flow from PPC to SMA. Bi-directional flow between
the C and S1M1, and between C and SMA was significant in the
51–75 Hz, and 126–149 Hz frequency bands (Figure 3).
In Task 2, there were the same three common sources in
all gamma bands as in Task 1: S1M1, dPFC and SMA; the
information flow was directed from S1M1 to dPFC and from
S1M1 to SMA (Figure 5). The strength of connectivity in these
two pathways was not significantly different (Figure 8 and
Table 1). Uni- (in the 30–75 Hz band) or bi-directional (in the
76–99 and 101–125 Hz bands) flow could be calculated between
thalamus and SMA. The information flow was directed from
the thalamus to S1M1 in the 76–99 and 101–125 Hz frequency
bands. Except for the frequency bands 76–99 and 101–125 Hz,
all the other frequency bands showed bi-directional flow between
C and the SMA, similar to the findings in Task 1. The C sent
information to the S1M1 in the 30–49 Hz band; this connection
was bi-directional in the 51–75 and 126–149 Hz bands. However,
the mean sub-cortical to cortical connections was significantly
weaker (p = 0.005) than the main cortico-cortical connections.
In Task 3, the cortical connections were unidirectional from
the S1M1 to the dPFC and the SMA as in Task 1 and Task 2.
The connectivity was significantly stronger between S1M1 and
dPFC than between S1M1 and SMA (Figure 8 and Table 1). In the
frequency bands 51–75 and 126–149 Hz we found bi-directional
connections between the C and S1M1, and between the C and
the SMA. In all frequency bands, we estimated bi-directional
information flow between the thalamus and SMA (Figure 6),
similar to the findings in some frequency bands in Task 1.
DISCUSSION
In this study, we found a common neural network for the
narrow frequency band GS at the beginning of two different
phasic movements, and during a medium-strength isometric
contraction. We confirm that GS arises from functionally
connected cortical and subcortical neuron populations, and can
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FIGURE 4 | Sources of relative gamma synchronization at the beginning of the combined Task 1 with the REST reference scheme in the five frequency bands. The
color bar represents the relative power. The individual maps of power were spatially normalized and interpolated on standard T1-weighted MRI scans with 1 mm
spacing in MNI space. 1: primary sensorimotor cortex (S1M1); 2: dorsolateral prefrontal cortex (dPFC); 3: supplementary motor area (SMA); 4/5: posterior parietal
cortex (PPC)/thalamus (TH)/cerebellum (CER).
dynamically change in different tasks. This is the first study
using directionality analysis within the motor networks for
parallel GS.
The main findings of the study:
(1) The common network involved the S1M1, SMA, dPFC,
thalamus and the cerebellum. PPC was also activated in the
combined Task 1.
(2) Connections between the three cortical sources could be
observed in every analyzed gamma band, while subcortico-
cortical connections were represented in various gamma
bands in the tasks.
(3) S1M1 set the activity of other cortical sources in the gamma
band.
(4) The dPFC had no afferent input to the gamma network.
(5) The source power was highest in S1M1, and then
sequentially less in the SMA and in the dPFC, in every task.
(6) The source power at the beginning of the combined
movement was higher than at the beginning of the simple
movement in every studied cortex area.
(7) The beginning of the combined movement was
accompanied by the lowest connectivity between cortical
sources. Strength of connectivity between S1M1 and SMA,
and between S1M1 and dPFC depended on the type of
movement.
We did not find significant inter-individual differences in the
source analyses; this might be due to usage of standard template
MRI scans, and standard electrode locations, instead of individual
metrics.
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FIGURE 5 | Relative gamma synchronization at the onset of the brisk pressing, Task 2. Results of the source and directionality analysis in the five frequency bands.
The individual maps of power were spatially normalized and interpolated on standard T1-weighted MRI scans with 1 mm spacing in MNI space. The color bar
represents the relative power. 1: primary sensorimotor cortex (S1M1); 2: dorsolateral prefrontal cortex (dPFC); 3: supplementary motor area (SMA); 4/5: thalamus
(TH)/cerebellum (CER); RPDC, renormalized partial directed coherence.
We analyzed the GS at the beginning of both a simple brisk
and a combined movement, and during a medium-strength
isometric contraction. GS at the beginning of the movement
is a principle electrophysiological phenomenon (Crone et al.,
1998; Pfurtscheller et al., 2003; Ball et al., 2008). We also
found low and high gamma activity in the motor network
during medium-strength isometric contractions, despite it being
associated with beta band phenomena in earlier studies. Cortico-
muscular coherent activity in the motor cortex (Conway et al.,
1995; Brown et al., 1998), and coupling activity between the
primary motor and supplementary motor cortex (Herz et al.,
2012), was earlier detected only in the beta band. Low gamma
band cortico-muscular coherent coupling was indeed found
during submaximal and maximal isometric muscle contractions
(Conway et al., 1995; Brown et al., 1998; Gross et al., 2005), or
during dynamic force output (Andrykiewicz et al., 2007); it was
suggested that its frequency band may vary individually (Naranjo
et al., 2010).
We identified the sources contralateral to the movement,
except for the ipsilateral cerebellum. Our results are in agreement
with previous studies that localized the GS to the contralateral
perirolandic area (Crone et al., 1998; Cheyne et al., 2008;
Darvas et al., 2010), and also the SMA (Ball et al., 2008;
Wilson et al., 2010; Demandt et al., 2012) bilateral with
contralateral preponderance (Ohara et al., 2000).
In the S1M1, several earlier studies analyzed the spatial
distribution and temporal evolution of low and high GS. The
low GS spreads to a wider cortical area, it is bilateral and has
contralateral predominance (Ohara et al., 2000; Miller et al.,
2007; Demandt et al., 2012); whereas, high GS develops spatially,
and is more focal only on the contralateral side (Crone et al.,
1998; Miller et al., 2007; Cheyne et al., 2008); source localization
estimated its origin in either the primary motor cortex (Cheyne
et al., 2008), or in the primary sensory cortex (Pfurtscheller
et al., 2003; Szurhaj et al., 2003; Miller et al., 2007). We found
the strongest gamma source in the S1M1 among the cortical
areas in every task, as it was also demonstrated by a MEG
study in children (Wilson et al., 2010). We proved that S1M1
precipitated the activity of other cortical sources in the gamma
band in all three tasks. The connectivity between S1M1 and SMA
was stronger than the S1M1-dPFC connectivity in the combined
Task 1, which was the opposite in the constant isometric task;
they were equal in the phasic task. This directional specificity
may relate to the complexity of the motor task; isometric
contractions may activate premotor cortex and SMA less than the
combined and the brisk phasic movement, and needs continuous
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FIGURE 6 | Absolute gamma activity during the continuous Task 3. Estimated sources and direction of information flow in the five frequency bands. The individual
maps of power were spatially normalized and interpolated on standard T1-weighted MRI scans with 1 mm spacing in MNI space. The color bar represents the
relative power. 1: primary sensorimotor cortex (S1M1); 2: dorsolateral prefrontal cortex (dPFC); 3: supplementary motor area (SMA); 4/5: thalamus (TH)/cerebellum
(CER); RPDC, renormalized partial directed coherence.
executive contribution (Groppa et al., 2012a). S1M1 had only
afferent propagation of gamma activity from the thalamus in the
combined and brisk movements. The S1M1-C information flow
was bidirectional in every task, as it is expected from the action
of the cerebello-thalamo-cortical, cortico-ponto-cerebellar loop
(Proville et al., 2014).
We found gamma source in the contralateral SMA in all three
tasks, similar to earlier studies. GS could be identified in the SMA
by invasive electrophysiological studies (Pfurtscheller et al., 2003;
Szurhaj et al., 2006; Miller et al., 2007). Low (30–50 Hz) and high
(50–100 Hz) frequency synchronization was also demonstrated
in the SMA region with EEG (Ball et al., 2008; Demandt et al.,
2012; Seeber et al., 2016). In a MEG study, GS arose bilaterally in
the SMA in children, with contralateral predominance (Wilson
et al., 2010). In our study, SMA had a two-way connection with
the thalamus and the cerebellum in every task.
Interestingly, we did not identify the premotor cortex in
the core gamma network, but it had a role in the beta range
information processing, as we had already published in an earlier
study (Muthuraman et al., 2012c). Similarly, a previous study
demonstrated a dominant role of supplementary and cingulate
motor areas and not the S1M1 in alpha and beta sensorimotor
networks during upper limb movement (Athanasiou et al., 2016).
We recognized that the dPFC had only afferent information
flow from the motor circuit in the gamma range, which may
represent executive functions during motor processing. Studies
FIGURE 7 | Relative source power values of gamma synchronization in Task
1–2 and absolute source power values in Task 3 measured in the primary
sensorimotor cortex (S1M1), supplementary motor area (SMA) and
dorsolateral prefrontal cortex (dPFC) areas. Values are averaged across
frequencies.
regarding dPFC reflected its engagement with working memory
(D’Esposito et al., 1998), short-term memory (Majerus et al.,
2010), and executive functions, such as scheduling processes in
complex tasks (Smith and Jonides, 1999; Groppa et al., 2012b).
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TABLE 1 | Statistical analysis of the gamma source power and the connectivity values measured in the motor cortical areas in the three tasks.
ANOVA effect Bonferroni post hoc comparisons, significant differences
Relative gamma source power in Task 1 and Task 2
All F1,10 = 39666.05; p < 0.01
Task F1,10 = 2595.02; p < 0.01 pTask1−Task2 < 0.01
Cortex F2,20 = 2731.53; p < 0.01 In every comparison p < 0.01
Frequency F4,40 = 0.94; p = 0.45
Task × Cortex F2,20 = 14.1; p < 0.01 In every comparison p < 0.01
Task × Frequency F4,40 = 1.4; p = 0.25
Cortex × Frequency F8,80 = 1.47; p = 0.182
Task × Cortex × Frequency F8,80 = 0.7; p = 0.692
Absolute gamma source power in Task 3
All F1,10 = 132676.1; p < 0.01
Cortex F2,20 = 752.8; p < 0.01 In every comparison p < 0.01
Frequency F4,40 = 3.8; p = 0.01 p(76−100 Hz)−(126−150 Hz) < 0.01
Cortex × Frequency F8,80 = 1.3; p = 0.253
Connectivity values in the gamma bands
All F1,10 = 128829.5; p < 0.01
Task F2,20 = 3773.7; p < 0.01 In every comparison p < 0.01
Cortex F1,10 = 0.3; p = 0.59
Frequency F4,40 = 0.9; p = 0.48
Task × Cortex F2,20 = 185.8; p < 0.01 In every comparison p < 0.01, except: pTask2, S1M1−dPFCvs . Task2,
S1M1−SMA = 0.99
Task × Frequency F8,80 = 2.4; p = 0.02 Connectivity values of the different frequency bands were similar in each
task (p > 0.05). Values in the three tasks were different (p < 0.01).
Cortex × Frequency F4,40 = 0.3; p = 0.86
Task × Cortex × Frequency F8,80 = 0.8; p = 0.5871
FIGURE 8 | Strength of connectivity between primary sensorimotor cortex
(S1M1) and supplementary motor area (SMA), and between S1M1 and dPFC
in the three movement tasks. Values are averaged across frequencies.
The PPC had elevated gamma activity in the combined task; it
might assist the fine motor calibration. It is considered a sensory
association area, and was not only associated with polysensory
integration and spatial attention, but also with movement
intention and planning of goal-directed actions (Andersen and
Cui, 2009).
The subcortical information flow in our study was represented
in specific gamma bands in the different tasks, in contrast
with the cortical communication, which was identified in
every gamma band. This suggests a dynamic subcortical
and subcortico-cortical processing specific to the type of
movement.
Our group has already identified subcortical sources using
EEG in different studies (Muthuraman et al., 2012c, 2014,
2015; Chiosa et al., 2017). Subcortical sources were also already
estimated by other groups using beamformer inverse solutions
either from EEG or MEG data (Gross et al., 2002; Timmermann
et al., 2003; Schnitzler et al., 2006; Cebolla et al., 2016).
Besides the contralateral thalamus, we recognized the
ipsilateral cerebellum in the subcortical part of the gamma
network. MEG previously identified a cerebellum source in the
low gamma network in children (Wilson et al., 2010). We found
that the cerebellum had bidirectional information flows with the
S1M1 and the SMA. The cerebellum-thalamus interaction, which
was bidirectional, was only found in the lowest gamma band,
in Task 2. This may suggest that the cerebello-thalamic afferent
pathway may act in other frequencies in the other tasks. This
hypothesis is supported by animal studies, which suggested that
the cerebellum may affect the coherent gamma-band activities in
the primary sensory and motor cortices via the cerebello-thalamic
pathway (Popa et al., 2013).
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In EEG studies, the results of the scalp analyses highly depend
on the used reference scheme. The common average reference is
often taken as the best available reference option discussed by
Nunez (2010), and revisited by Yao (2017). It was shown that
its assumption is only correct for spherical volume conductor.
However, the reliability of the data can be tested with two
different reference schemes, as we did in this study for the scalp
topological analyses in Task 1 and Task 2.
There are two major assumptions in this beamformer DICS
analysis: it assumes a single dipole model, which is not linearly
correlated to other dipoles. This assumption is valid if the
coherence is not too strong and the signal-to-noise ratio is
sufficient (Gross et al., 2001). After identifying the area of
maximum power, it is projected out for finding further areas
with coherent activity in the brain. Here the assumption is that
the coherence between the reference and the detected activity is
always 1 (Schoffelen et al., 2008). Recent usage of this type of
source analyses, and connectivity analyses have been validated
using different source analyses pipelines, and specifically using
the common average reference for these analyses (Mahjoory et al.,
2017) and also for testing of the results across different pipelines
have been done (Haufe and Ewald, 2016). Furthermore, the
importance of source imaging in understanding the EEG data has
been emphasized (Lopes da Silva, 2013; Cohen, 2017).
Our study supports the hypothesis that there are cortical
and subcortical sources of GS in functionally integrated motor
networks; their participating brain areas can change with the
type and complexity of the motor task. The frequency bands for
the gamma activation of these brain areas may vary. Our results
also highlight the dominant role of the S1M1 in gamma activity-
based information processing, which supports the assumption
that it is not exclusively an executive motor field (Ball et al.,
1999). Dynamic connectivity changes should be further analyzed
in other frequency bands to better explore the interaction of
cortical and subcortical motor areas.
AUTHOR CONTRIBUTIONS
GT and MM were involved in conception, organization and
execution of the research project; review and critique of the
statistical analysis; writing of the first draft; and review and
critique of the manuscript. VC and AA were involved in
conception and organization of the research project and critique
of the manuscript. JR was involved in organization of the research
project and critique of the manuscript. GD and SG were involved
in conception, organization, and execution of the research
project; review and critique of the statistical analysis; writing of
the first draft; and review and critique of the manuscript.
FUNDING
The study was supported by the German Research Council
SFB 1193 Project B5 and the Medtronic GmbH (study
080958/2015/OTIG).
ACKNOWLEDGMENTS
We thank Cheryl Ernest and Chris Dias for proofreading the
manuscript.
REFERENCES
Akaike, H. (1974). A new look at the statistical model identification. IEEE Trans.
Automat. Control 19, 716–723. doi: 10.1109/TAC.1974.1100705
Amjad, A. M., Halliday, D. M., Rosenberg, J. R., and Conway, B. A. (1997). An
extended difference of coherence test for comparing and combining several
independent coherence estimates: theory and application to the study of motor
units and physiological tremor. J. Neurosci. Methods 73, 69–79. doi: 10.1016/
S0165-0270(96)02214-5
Andersen, R. A., and Cui, H. (2009). Intention, action planning, and decision
making in parietal-frontal circuits. Neuron 63, 568–583. doi: 10.1016/j.neuron.
2009.08.028
Andrykiewicz, A., Patino, L., Naranjo, J. R., Witte, M., Hepp-Reymond, M. C.,
and Kristeva, R. (2007). Corticomuscular synchronization with small and large
dynamic force output. BMC Neurosci. 8:101. doi: 10.1186/1471-2202-8-101
Athanasiou, A., Klados, M. A., Styliadis, C., Foroglou, N., Polyzoidis, K., and
Bamidis, P. D. (2016). Investigating the role of alpha and beta rhythms in
functional motor networks. Neuroscience. doi: 10.1016/j.neuroscience.2016.05.
044 [Epub ahead of print].
Ball, T., Demandt, E., Mutschler, I., Neitzel, E., Mehring, C., Vogt, K., et al.
(2008). Movement related activity in the high gamma range of the human EEG.
Neuroimage 41, 302–310. doi: 10.1016/j.neuroimage.2008.02.032
Ball, T., Schreiber, A., Feige, B., Wagner, M., Lücking, C. H., and Kristeva-Feige, R.
(1999). The role of higher-order motor areas in voluntary movement as revealed
by high-resolution EEG and fMRI. Neuroimage 10, 682–694. doi: 10.1006/nimg.
1999.0507
Brown, P., Salenius, S., Rothwell, J. C., and Hari, R. (1998). Cortical correlate of the
Piper rhythm in humans. J. Neurophysiol. 80, 2911–2917. doi: 10.1152/jn.1998.
80.6.2911
Buzsáki, G., and Schomburg, E. W. (2015). What does gamma coherence tell
us about inter-regional neural communication? Nat. Neurosci. 18, 484–489.
doi: 10.1038/nn.3952
Buzsáki, G., and Wang, X.-J. (2012). Mechanisms of gamma oscillations.
Annu. Rev. Neurosci. 35, 203–225. doi: 10.1146/annurev-neuro-062111-15
0444
Canolty, R. T., and Knight, R. T. (2010). The functional role of cross-frequency
coupling. Trends Cogn. Sci. 14, 506–515. doi: 10.1016/j.tics.2010.09.001
Cebolla, A. M., Petieau, M., Dan, B., Balazs, L., McIntyre, J., and Cheron, G.
(2016). Cerebellar contribution to visuo-attentional alpha rhythm: insights
from weightlessness. Sci. Rep. 6:37824. doi: 10.1038/srep37824
Cheyne, D., Bells, S., Ferrari, P., Gaetz, W., and Bostan, A. C. (2008). Self-
paced movements induce high-frequency gamma oscillations in primary
motor cortex. Neuroimage 42, 332–342. doi: 10.1016/j.neuroimage.2008.0
4.178
Chiosa, V., Groppa, S. A., Ciolac, D., Koirala, N., Misina, L., Winter, Y., et al. (2017).
Breakdown of thalamo-cortical connectivity precedes spike generation in focal
epilepsies. Brain Connect. 7, 309–320. doi: 10.1089/brain.2017.0487
Cohen, M. X. (2017). Where does EEG come from and what does it mean? Trends
Neurosci. 40, 208–218. doi: 10.1016/j.tins.2017.02.004
Conway, B. A., Halliday, D. M., Farmer, S. F., Shahani, U., Maas, P., Weir, A. I.,
et al. (1995). Synchronization between motor cortex and spinal motoneuronal
pool during the performance of a maintained motor task in man. J. Physiol. 489,
917–924. doi: 10.1113/jphysiol.1995.sp021104
Crone, N. E., Korzeniewska, A., and Franaszczuk, P. J. (2011). Cortical γ responses:
searching high and low. Int. J. Psychophysiol. 79, 9–15. doi: 10.1016/j.ijpsycho.
2010.10.013
Crone, N. E., Miglioretti, D. L., Gordon, B., and Lesser, R. P. (1998). Functional
mapping of human sensorimotor cortex with electrocorticographic spectral
Frontiers in Human Neuroscience | www.frontiersin.org 11 April 2018 | Volume 12 | Article 130
fnhum-12-00130 April 5, 2018 Time: 16:37 # 12
Tamás et al. Connectivity Analysis of Gamma Synchronizations
analysis. II. Event-related synchronization in the gamma band. Brain 121,
2301–2315. doi: 10.1093/brain/121.12.2301
Darvas, F., Scherer, R., Ojemann, J. G., Rao, R. P., Miller, K. J., and Sorensen,
L. B. (2010). High gamma mapping using EEG. Neuroimage 49, 930–938. doi:
10.1016/j.neuroimage.2009.08.041
Demandt, E., Mehring, C., Vogt, K., Schulze-Bonhage, A., Aertsen, A., and Ball, T.
(2012). Reaching movement onset- and end-related characteristics of EEG
spectral power modulations. Front. Neurosci. 6:65. doi: 10.3389/fnins.2012.
00065
D’Esposito, M., Aguirre, G. K., Zarahn, E., Ballard, D., Shin, R. K., and Lease, J.
(1998). Functional MRI studies of spatial and nonspatial working memory.
Brain Res. Cogn. Brain Res. 7, 1–13. doi: 10.1016/S0926-6410(98)00004-4
Ding, M., Bressler, S. L., Yang, W., and Liang, H. (2000). Short-window
spectral analysis of cortical event-related potentials by adaptive multivariate
autoregressive modeling: data preprocessing, model validation, and variability
assessment. Biol. Cybern. 83, 35–45. doi: 10.1007/s004229900137
Dong, L., Li, F. L., Liu, Q., Wen, X., Lai, Y. X., Xu, P., et al. (2017). MATLAB
toolboxes for reference electrode standardization technique (REST) of scalp
EEG. Front. Neurosci. 11:601. doi: 10.3389/fnins.2017.00601
Elshoff, L., Muthuraman, M., Anwar, A. R., Deuschl, G., Stephani, U., Raethjen, J.,
et al. (2013). Dynamic imaging of coherent sources reveals different network
connectivity underlying the generation and perpetuation of epileptic seizures.
PLoS One 8:e78422. doi: 10.1371/journal.pone.0078422
Fuchs, M., Kastner, J., Wagner, M., Hawes, S., and Ebersole, J. S. (2002).
A standardized boundary element method volume conductor model. Clin.
Neurophysiol. 113, 702–712. doi: 10.1016/S1388-2457(02)00030-5
Gray, C. M. (1999). The temporal correlation hypothesis of visual feature
integration: still alive and well. Neuron 24, 31–47. doi: 10.1016/S0896-6273(00)
80820-X
Groppa, S., Schlaak, B., Münchau, A., Werner-Petroll, N., Dünnweber, J.,
Baumer, T., et al. (2012a). The human dorsal premotor cortex facilitates the
excitability of ipsilateral primary motor cortex via a short latency cortico-
cortical route. Hum. Brain Mapp. 33, 419–430. doi: 10.1002/hbm.21221
Groppa, S., Werner-Petroll, N., Münchau, A., Deuschl, G., Ruschworth, M. F.,
and Siebner, H. R. (2012b). A novel dual-site transcranial magnetic stimulation
paradigm to probe fast facilitatory inputs from ipsilateral dorsal premotor
cortex to primary motor cortex. Neuroimage 62, 500–509. doi: 10.1016/j.
neuroimage.2012.05.023
Gross, J., and Ioannides, A. A. (1999). Linear transformation of data space in MEG.
Phys. Med. Biol. 44, 2081–2097. doi: 10.1088/0031-9155/44/8/317
Gross, J., Kujala, J., Hamalainen, M., Timmermann, L., Schnitzler, A., and
Salmelin, R. (2001). Dynamic imaging of coherent sources: studying neural
interactions in the human brain. Proc. Natl. Acad. Sci. U.S.A. 98, 694–699.
doi: 10.1073/pnas.98.2.694
Gross, J., Pollok, B., Dirks, M., Timmermann, L., Butz, M., and
Schnitzler, A. (2005). Task-dependent oscillations during unimanual
and bimanual movements in the human primary motor cortex and
SMA studied with magnetoencephalography. Neuroimage 26, 91–98.
doi: 10.1016/j.neuroimage.2005.01.025
Gross, J., Timmermann, L., Kujala, J., Dirks, M., Schmitz, F., Salmelin, R., et al.
(2002). The neural basis of intermittent motor control in humans. Proc. Natl.
Acad. Sci. U.S.A. 99, 2299–2302. doi: 10.1073/pnas.032682099
Haufe, S., and Ewald, A. (2016). A simulation framework for benchmarking EEG-
based brain connectivity estimation methodologies. Brain Topogr. 2016, 1–18.
doi: 10.1007/s10548-016-0498-y
Haufe, S., Nikulin, V. V., Müller, K. R., and Nolte, G. (2013). A critical assessment
of connectivity measures for EEG data: a simulation study. Neuroimage 64,
120–133. doi: 10.1016/j.neuroimage.2012.09.036
Herz, D. M., Christensen, M. S., Reck, C., Florin, E., Barbe, M. T., Stahlhut, C., et al.
(2012). Task-specific modulation of effective connectivity during two simple
unimanual motor tasks: a 122-channel EEG study. Neuroimage 59, 3187–3193.
doi: 10.1016/j.neuroimage.2011.11.042
Huo, X., Wang, Y., Kotecha, R., Kirtman, E. G., Fujiwara, H., Hemasilpin, N.,
et al. (2011). High gamma oscillations of sensorimotor cortex during unilateral
movement in the developing brain: a MEG study. Brain Topogr. 23, 375–384.
doi: 10.1007/s10548-010-0151-0
Kaminski, M., Ding, M., Truccolo, W. A., and Bressler, S. L. (2001). Evaluating
causal relations in neural systems: granger causality, directed transfer
function and statistical assessment of significance. Biol. Cybern. 85, 145–157.
doi: 10.1007/s004220000235
Lalo, E., Thobois, S., Sharott, A., Polo, G., Mertens, P., Pogosyan, A., et al.
(2008). Patterns of bidirectional communication between cortex and basal
ganglia during movement in patients with Parkinson disease. J. Neurosci. 28,
3008–3016. doi: 10.1523/JNEUROSCI.5295-07.2008
Lopes da Silva, F. (2013). EEG and MEG: relevance to neuroscience. Neuron 80,
1112–1128. doi: 10.1016/j.neuron.2013.10.017
Mahjoory, K., Nikulin, V. V., Botrel, L., Linkenkaer-Hansen, K., Fato, M. M., and
Haufe, S. (2017). Consistency of EEG source localization and connectivity
estimates. Neuroimage 152, 590–601. doi: 10.1016/j.neuroimage.2017.0
2.076
Majerus, S., D’Argembeau, A., Martinez Perez, T., Belayachi, S., Van der
Linden, M., Collette, F., et al. (2010). The commonality of neural networks
for verbal and visual short-term memory. J. Cogn. Neurosci. 22, 2570–2593.
doi: 10.1162/jocn.2009.21378
Maris, E., and Oostenveld, R. (2007). Nonparametric statistical testing of EEG- and
MEG-data. J. Neurosci. Methods 164, 177–190. doi: 10.1016/j.jneumeth.2007.0
3.024
Maris, E., Schoffelen, J. M., and Fries, P. (2007). Nonparametric statistical testing
of coherence differences. J. Neurosci. Methods 163, 161–175. doi: 10.1016/j.
jneumeth.2007.02.011
Michels, L., Muthuraman, M., Luchinger, R., Martin, E., Anwar, A. R., Raethjen, J.,
et al. (2013). Developmental changes of functional and directed resting-state
connectivities associated with neuronal oscillations in EEG. Neuroimage 81,
231–242. doi: 10.1016/j.neuroimage.2013.04.030
Miller, K. J., Leuthardt, E. C., Schalk, G., Rao, R. P., Anderson, N. R., Moran,
D. W., et al. (2007). Spectral changes in cortical surface potentials during motor
movement. J. Neurosci. 27, 2424–2432. doi: 10.1523/JNEUROSCI.3886-06.2007
Mitra, P. P., and Pesaran, B. (1999). Analysis of dynamic brain imaging data.
Biophys. J. 76, 691–708. doi: 10.1016/S0006-3495(99)77236-X
Moeller, F., Muthuraman, M., Stephani, U., Deuschl, G., Raethjen, J., and
Siniatchkin, M. (2012). Representation and propagation of epileptic activity in
absences and generalized photoparoxysmal responses. Hum. Brain Mapp. 34,
1896–1909. doi: 10.1002/hbm.22026
Muthukumaraswamy, S. D. (2010). Functional properties of human primary motor
cortex gamma oscillations. J. Neurophysiol. 104, 2873–2885. doi: 10.1152/jn.
00607.2010
Muthuraman, M., Deuschl, G., Anwar, A. R., Mideksa, K. G., von Helmolt, F.,
and Schneider, S. A. (2015). Essential and aging-related tremor: Differences of
central control. Mov. Disord. 30, 1673–1680. doi: 10.1002/mds.26410
Muthuraman, M., Galka, A., Deuschl, G., Heute, U., and Raethjen, J.
(2010a). Dynamical correlation of non-stationary signals in time domain- A
comparative study. Biomed. Signal Proc. Control 5, 205–213. doi: 10.1016/j.bspc.
2010.02.006
Muthuraman, M., Hellriegel, H., Hoogenboom, N., Anwar, A. R., Mideksa, K. G.,
Krause, H., et al. (2014). Beamformer source analysis and connectivity on
concurrent EEG and MEG data during voluntary movements. PLoS One
9:e91441. doi: 10.1371/journal.pone.0091441
Muthuraman, M., Heute, U., Arning, K., Anwar, A. R., Elble, R., Deuschl, G.,
et al. (2012a). Oscillating central motor networks in pathological tremors and
voluntary movements. What makes the difference? Neuroimage 60, 1331–1339.
doi: 10.1016/j.neuroimage.2012.01.088
Muthuraman, M., Heute, U., Deuschl, G., and Raethjen, J. (2010b). The central
oscillatory network of essential tremor. Conf. Proc. IEEE Eng. Med. Biol. Soc. 1,
154–157. doi: 10.1109/IEMBS.2010.5627211
Muthuraman, M., Paschen, S., Hellriegel, H., Groppa, S., Deuschl, G., and
Raethjen, J. (2012b). Locating the STN-DBS electrodes and resolving their
subsequent networks using coherent source analysis on EEG. Conf. Proc. IEEE
Eng. Med. Biol. Soc. 2012, 3970–3973. doi: 10.1109/embc.2012.6346836
Muthuraman, M., Raethjen, J., Hellriegel, H., Deuschl, G., and Heute, U. (2008).
Imaging coherent sources of tremor related EEG activity in patients with
Parkinson’s disease. Conf. Proc. IEEE Eng. Med. Biol. Soc. 2008, 4716–4719.
doi: 10.1109/IEMBS.2008.4650266
Muthuraman, M., Tamás, G., Hellriegel, H., Deuschl, G., and Raethjen, J. (2012c).
Source analysis of beta-synchronisation and cortico-muscular coherence after
movement termination based on high resolution electroencephalography. PLoS
One 7:e33928. doi: 10.1371/journal.pone.0033928
Frontiers in Human Neuroscience | www.frontiersin.org 12 April 2018 | Volume 12 | Article 130
fnhum-12-00130 April 5, 2018 Time: 16:37 # 13
Tamás et al. Connectivity Analysis of Gamma Synchronizations
Naranjo, J. R., Wang, X., Schulte-Mönting, J., Huethe, F., Maurer, C., Hepp-
Reymond, M. C., et al. (2010). Corticospinal interaction during isometric
compensation for modulated forces with different frequencies. BMC Neurosci.
11:157. doi: 10.1186/1471-2202-11-157
Neumaier, A., and Schneider, T. (2001). Estimation of parameters and eigenmodes
of multivariate autoregressive models. ACM Trans. Math. Softw. 27, 27–57.
doi: 10.1145/382043.382304
Nunez, P. L. (2010). Rest: a good idea but not the gold standard. Clin. Neurophysiol.
121, 2177–2180. doi: 10.1016/j.clinph.2010.04.029
Ohara, S., Ikeda, A., Kunieda, T., Yazawa, S., Baba, K., Nagamine, T., et al.
(2000). Movement-related change of electrocorticographic activity in human
supplementary motor area proper. Brain 123, 1203–1215. doi: 10.1093/brain/
123.6.1203
Oostenveld, R., Fries, P., Maris, E., and Schoffelen, J. M. (2011). FieldTrip:
open source software for advanced analysis of MEG, EEG, and invasive
electrophysiological data. Comput. Intell. Neurosci. 2011:156869. doi: 10.1155/
2011/156869
Pedrosa, D. J., Nelles, C., Brown, P., Volz, L. J., Pelzer, E. A., Tittgemeyer, M.,
et al. (2017). The differentiated networks related to essential tremor onset
and its amplitude modulation after alcohol intake. Exp. Neurol. 297, 50–61.
doi: 10.1016/j.expneurol.2017.07.013
Pfurtscheller, G., Graimann, B., Huggins, J. E., Levine, S. P., and Schuh,
L. A. (2003). Spatiotemporal patterns of beta desynchronization and gamma
synchronization in corticographic data during self-paced movement. Clin.
Neurophysiol. 114, 1226–1236. doi: 10.1016/S1388-2457(03)00067-1
Pfurtscheller, G., and Lopes da Silva, F. H. (1999). Event-related EEG/MEG
synchronization and desynchronization: basic principles. Clin. Neurophysiol.
110, 1842–1857. doi: 10.1016/S1388-2457(99)00141-8
Popa, D., Spolidoro, M., Proville, R. D., Guyon, N., Belliveau, L., and Léna, C.
(2013). Functional role of the cerebellum in gamma-band synchronization
of the sensory and motor cortices. J. Neurosci. 33, 6552–6556. doi: 10.1523/
JNEUROSCI.5521-12.2013
Proville, R. D., Spolidoro, M., Guyon, N., Dugué, G. P., Selimi, F., Isope, P., et al.
(2014). Cerebellum involvement in cortical sensorimotor circuits for the control
of voluntary movements. Nat. Neurosci. 17, 1233–1239. doi: 10.1038/nn.3773
Rosenberg, J. R., Amjad, A. M., Breeze, P., Brillinger, D. R., and Halliday, D. M.
(1989). The Fourier approach to the identification of functional coupling
between neuronal spike trains. Prog. Biophys. Mol. Biol. 53, 1–31. doi: 10.1016/
0079-6107(89)90004-7
Schelter, B., Timmer, J., and Eichler, M. (2009). Assessing the strength of directed
influences among neural signals using renormalized partial directed coherence.
J. Neurosci. Methods 179, 121–130. doi: 10.1016/j.jneumeth.2009.01.006
Schneider, T., and Neumaier, A. (2001). Algorithm 808: ARfit - a matlab package
for the estimation of parameters and eigenmodes of multivariate autoregressive
models. ACM Trans. Math. Softw. 27, 58–65. doi: 10.1145/382043.382316
Schnitzler, A., Timmermann, L., and Gross, J. (2006). Physiological and
pathological oscillatory networks in the human motor system. J. Physiol. Paris
99, 3–7. doi: 10.1016/j.jphysparis.2005.06.010
Schoffelen, J. M., Oostenveld, R., and Fries, P. (2008). Imaging the human motor
system’s beta-band synchronization during isometric contraction. Neuroimage
41, 437–447. doi: 10.1016/j.neuroimage.2008.01.045
Seeber, M., Scherer, R., and Müller-Putz, G. R. (2016). EEG oscillations are
modulated in different behavior-related networks during rhythmic finger
movements. J. Neurosci. 36, 11671–11681. doi: 10.1523/JNEUROSCI.1739-16.
2016
Sekihara, K., Nagarajan, S. S., Poeppel, D., Marantz, A., and Miyashita, Y.
(2001). Reconstructing spatio-temporal activities of neural sources using an
MEG vector beamformer technique. IEEE Trans. Biomed. Eng. 48, 760–771.
doi: 10.1109/10.930901
Smith, E. E., and Jonides, J. (1999). Storage and executive processes in the frontal
lobes. Science 283, 1657–1661. doi: 10.1126/science.283.5408.1657
Suffczynski, P., Crone, N. E., and Franaszczuk, P. J. (2014). Afferent inputs to
cortical fast-spiking interneurons organize pyramidal cell network oscillations
at high-gamma frequencies (60-200 Hz). J. Neurophysiol. 112, 3001–3011.
doi: 10.1152/jn.00844.2013
Szurhaj, W., Derambure, P., Labyt, E., Cassim, F., Bourriez, J. L., Isnard, J.,
et al. (2003). Basic mechanisms of central rhythms reactivity to preparation
and execution of a voluntary movement: a stereoelectroencephalographic
study. Clin. Neurophysiol. 114, 107–119. doi: 10.1016/S1388-2457(02)00
333-4
Szurhaj, W., Labyt, E., Bourriez, J. L., Kahane, P., Chauvel, P., Mauguière, F.,
et al. (2006). Relationship between intracerebral gamma oscillations and slow
potentials in the human sensorimotor cortex. Eur. J. Neurosci. 24, 947–954.
doi: 10.1111/j.1460-9568.2006.04876.x
Timmermann, L., Gross, J., Dirks, M., Volkmann, J., Freund, H. J., and
Schnitzler, A. (2003). The cerebral oscillatory network of parkinsonian resting
tremor. Brain 126, 199–212. doi: 10.1093/brain/awg022
Van Drongelen, W., Yuchtman, M., Van Veen, B., and Van Huffelen, A. (1996).
A spatial filtering technique to detect and localize multiple sources in the brain.
Brain Topogr. 9, 39–49. doi: 10.1007/BF01191641
Van Veen, B. D., van Drongelen, W., Yuchtman, M., and Suzuki, A. (1997).
Localization of brain electrical activity via linearly constrained minimum
variance spatial filtering. IEEE Trans. Biomed. Eng. 44, 867–880. doi: 10.1109/
10.623056
Vrba, J., and Robinson, S. E. (2001). Signal processing in magnetoencephalography.
Methods 25, 249–271. doi: 10.1006/meth.2001.1238
Waldert, S., Preissl, H., Demandt, E., Braun, C., Birbaumer, N., Aertsen, A., et al.
(2008). Hand movement direction decoded from MEG and EEG. J. Neurosci.
28, 1000–1008. doi: 10.1523/JNEUROSCI.5171-07.2008
Wilson, T. W., Slason, E., Asherin, R., Kronberg, E., Reite, M. L., Teale, P. D.,
et al. (2010). An extended motor network generates beta and gamma oscillatory
perturbations during development. Brain Cogn. 73, 75–84. doi: 10.1016/j.bandc.
2010.03.001
Yanagisawa, T., Yamashita. O., Hirata, M., Kishima, H., Saitoh, Y., Goto, T., et al.
(2012). Regulation of motor representation by phase-amplitude coupling in the
sensorimotor cortex. J. Neurosci. 32, 15467–15475. doi: 10.1523/JNEUROSCI.
2929-12.2012
Yao, D. (2001). A method to standardize a reference of scalp EEG recordings
to a point at infinity. Physiol. Meas. 22, 693–711. doi: 10.1088/0967-3334/22/
4/305
Yao, D. (2017). Is the surface potential integral of a dipole in a volume conductor
always zero? A cloud over the average reference of EEG and ERP. Brain Topogr.
30, 161–171. doi: 10.1007/s10548-016-0543-x
Zhang, Z. (1995). A fast method to compute surface potentials generated by
dipoles within multilayer anisotropic spheres. Phys. Med. Biol. 40, 335–349.
doi: 10.1088/0031-9155/40/3/001
Conflict of Interest Statement: The authors declare that the research was
conducted in the absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.
Copyright © 2018 Tamás, Chirumamilla, Anwar, Raethjen, Deuschl, Groppa
and Muthuraman. This is an open-access article distributed under the terms of
the Creative Commons Attribution License (CC BY). The use, distribution or
reproduction in other forums is permitted, provided the original author(s) and the
copyright owner are credited and that the original publication in this journal is cited,
in accordance with accepted academic practice. No use, distribution or reproduction
is permitted which does not comply with these terms.
Frontiers in Human Neuroscience | www.frontiersin.org 13 April 2018 | Volume 12 | Article 130
